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ABSTRACT 
 
A scale adaptive analysis using drift of mean position as the metric and universal 
thresholding as the statistical tool to separate motor-driven active motion and passive 
Brownian diffusion in intracellular active transport is developed. It is validated by 
comparison with three existing methods, as well as by manual inspection. The method 
makes no assumption about the nature of the transport and can automatically adapt to 
heterogeneities among trajectories. The fully automated method allowed the analysis of a 
large intracellular active transport dataset with varying cell lines, cargo types, 
microtubule and cytoskeleton treatments to investigate the regulatory mechanisms of 
active transport.  
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CHAPTER 1 
Introduction 
 
 
1.1 Objective and significance 
Inside cells, proteins are commonly transported in endosomes that are carried by 
molecular motors traveling along microtubules.1 Unlike the well-understood thermal-
driven passive motion, the nature of this process is more complex and varied. Under the 
microscope, the motion of the fluorescently labeled protein carried in endosomes appears 
random, with periods of directed motion intermixed with frequent changes of directions. 
This is partially because the motors can attach and detach from the microtubules, 
encounter obstacles along the microtubule, and move from one microtubule to another.2 
When motors detach from microtubules, the motion changes from motor-driven active 
transport to passive diffusion. To understand how motors deliver the proteins to their 
targets, it is first necessary to quantify these motions. 
Particle tracking is uniquely suited for studying spatially heterogeneous, non- 
equilibrium, dynamic processes and has been used to study a wide range of dynamic 
cellular processes, such as protein trafficking, signal transduction, viral infection, and 
membrane compartmentalization. While particle tracking has become routine, extracting 
physical information and inferring molecular mechanisms from the tracking data remains 
challenging. The first challenge is in separating the different modes of motion in these 
transports. Distinguishing molecular motor-driven active motion and thermal-driven 
passive motion is surprisingly difficult because of the transient and intermittently 
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alternating nature of these motions. Manual selection is not feasible because thousands of 
trajectories need to be analyzed to get a good representation of the motion in the highly 
heterogeneous biological environment. Different characteristics of active motion have 
been used as discriminating criteria for automatic classification, such as super-
diffusivity,3 direction persistence,4 and anisotropy.5 The general approach of most 
existing methods is to use a sliding window of certain size to calculate value of the metric 
for each point along the trajectory and then a threshold is set to classify the points to 
groups.  
While the performance is great for the particular systems these metrics are 
designed for, such methods are hard to generalize because they make explicit 
assumptions about the behavior of the motion.  Window size can also affect the 
classification significantly. When the window size is too small, there are not enough data 
points to give statistically meaningful estimation of the metric; when the window size is 
too big, transient changes in types of motions will be smeared out. Determining the 
threshold value is another challenge in these methods. The threshold is typically set by 
either theoretical prediction or simulation. This is again highly system specific and 
requires prior information or assumption. Since the nature of the active motion is not 
well-understood and is sometimes the subject of investigation, such presumption can lead 
to erroneous results. Instead of trying to identify what is active, here a new metric is 
introduced to find out what is passive.  
The new metric is the drift of mean position (Fig. 1b) and continuous time 
wavelet transform (CWT)6 is used for fast evaluation of this metric. Another major 
improvement from previous methods is that universal thresholding commonly used in 
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wavelet analysis is adopted.7 Trajectories taken in heterogeneous environment are 
heterogeneous as well and universal thresholding allows an adaptive threshold to be 
calculated statistically for each individual trajectory. 
1.2 Extension of the method 
Random walk describes the path of series of stochastic steps and provides a 
powerful framework for understanding and making predictions on processes in many 
very different fields. For example, the step can be a change in stock price, a mutation in 
gene, or a step by a foraging animal.  The environment of many systems of interest is 
highly heterogeneous like that of the interior of a cell. Therefore, instead of the well-
characterized motion of a pollen grain in water, what people often observed is temporary 
confinement intermixed with transient periods of directed or diffusive motion. Interaction 
with the environment changes key characteristics, such as step size and step direction 
distribution, of a random walk and separating different modes of random walk is an 
important first step in understanding such interactions. The drift of mean position is 
sensitive to changes in speed, persistence and environmental constraints as shown in Fig. 
1a and is therefore applicable to many different processes.  
In the subsequent sections, the method is first described in details and then it is 
used to analyze a large dataset of intracellular active transport by molecular motors. 
Finally, the results are compared with those obtained with other existing methods. 
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   CHAPTER 2 
Method 
 
 
 
2.1 Main idea 
The key idea of this method is to estimate the maximum drift of position at a 
longer time scale τ due to passive motion based on the drift at the time scale of the 
measurement 0τ and the nature of the passive motion and use this estimate as the 
threshold for distinguishing active and passive motion (Fig. 1c). Drift of position are 
calculated using the continuous time wavelet transform (CWT), which for each point in 
the trajectory finds the difference in average position of the n points before and after the 
current point for different values of n.  
The thresholding procedure starts with finding the variability of the drift of 
position at the experimental time scale 0τ , which is estimated using the median absolute 
deviation (MAD). Notably, while the detection of active steps is local, the estimate of 
passive fluctuations is global. The variability of the drift of position due to passive 
motion at a longer time scale τ is then estimated from the variance at 0τ assuming a 
scaling function with time based on physical reasoning. For example, for Fickian 
diffusion, the variance scales with square root of time. The reason to use projection 
instead of direct estimating at τ is because the shorter the time scale, the smaller the 
difference between passive and active motion is.τ is optimized to maximize the 
separation, while maintaining high time resolution. The expected maximum drift of 
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position due to passive motion at τ is then calculated based on the universal threshold 
which is a function of the variance estimated earlier and the length of the trajectory. This 
gives thresholding that adapts automatically to each separate trajectory, with thresholds 
reflecting the heterogeneity of the dynamics.  
2.2 Implementation 
Let us consider a discrete trajectory containing N points corresponding to the 
consecutive positions of a random walker at times 1i N= … . The drift of mean position 
( , )d L t is a function of window size L and time t . When 2L n= , for point ix  in a 
trajectory, drift of mean position is the displacement between the average position of n  
points before and after i   
 
1
(2 , )
i n i n
j j
j i j i
d n i x x
n
+ −
= =
 
= − 
 
∑ ∑  (1) 
( , )d L t can be calculated easily using the CWT, which calculates the local integral values 
of time series over various scales with weighting defined by the wavelet function used. 
Different scales correspond to different values of L and the times series of CWT 
coefficients correspond to ( , )d L t . We adopted the Haar wavelet, which gives equal 
weighting to the position of all the points around the center point. Fig.1d shows the result 
of a 1D trajectory transformed into time series of CWT coefficients over various scales. 
Only one of these scales will be used for the eventual classification and the 
selection of the scale is an important step. From Fig. 1a, we can see that the average drift 
in mean position of different motions follow different trends as the window size increases 
and the differences become more pronounced at larger window sizes. The chosen 
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window size needs to be large enough to have sufficient difference between different 
modes of motion and small enough to maintain good time resolution. The optimal scale 
depends on the sampling frequency so a smaller scale should be used if the sampling 
frequency is reduced for the same process. It is worth noting that the time resolution of 
this method is related but not limited to this scale. It will be shown in the application to 
intracellular active transport described below that the method allows us to detect transient 
motion as short as five consecutive frames using a window size of 32 frames.  
For a chosen window size of L , the threshold is calculated based on the universal 
threshold well-known in the wavelet analysis literature,6  
 2 ln Nδ σ= ɶ  (2) 
where N  is the number of data points in this trajectory excluding first and last / 2L data 
points, and σɶ  is the estimate of the standard deviation characterizing one type of motion.  
Standard deviation at window size 2L = is first estimated using the median absolute 
deviation (MAD) 
 
( )median (2, )
0.6745
i d iσ ≡  (3) 
Window size of two is selected because at the smallest scale, the difference between 
different modes of motion is the smallest as shown in Fig. 1a and the standard deviation 
of the whole trajectory is representative of those of different modes of motion. Scaled 
MAD is used instead of standard deviation because it is more robust against large 
deviations and 0.6745 is the scaling factor between MAD and standard deviation for 
normally distributed data. Then assuming a form for the time evolution of one type of 
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motion, for example Fickian diffusion,
2
L
σ σ≡ɶ , we obtain the threshold for identifying 
this type of motion from the process.  
With multidimensional trajectories, the above process is repeated for each 
dimension. If the trajectories are isotropic, then a common threshold can be used for all 
dimensions of the trajectory. An assignment of motion proceeds by combining the time 
periods whose coefficients exceed this threshold on any of the dimension. If any 
additional information about any of the motion is known, the threshold can be refined 
using an iteration step. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 8 
 
  CHAPTER 3 
Results and discussion 
 
 
 The data set of intracellular active transport includes ten different conditions that 
compare the transport of the same protein in different types of cells, the transport of 
different proteins in the same type of cell, as well as the transport before and after 
microtubule and cytoskeleton treatment. The analysis is first compared with other 
methods and validated both by simulation and manual inspection.  
 
3.1 Implementation of other methods 
Different methods have been developed to separate active and passive motion in 
intracellular active transport. Given an experimental system, to answer the question of 
which method to use requires systematic comparison of these methods. Three methods 
were selected for comparison in this chapter.  Speed correlation,4 asymmetry,5 slope of 
MSD and standard deviation of angle correlation3 are the physical measures used to 
define activeness for the three methods respectively. These quantities are calculated for 
each point in the trajectory using a rolling window. The window size L needs to be long 
enough for a reasonably accurate estimation of the quantities, but remains shorter than the 
duration of the motion to be detected. Since the average duration of active motion is 
estimated to be around 1s using the wavelet analysis, the window size was selected to be 
11, which is about half of the average duration and an odd number is used to allow equal 
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number of points before and after the point of interest in the rolling window. The Lmax for 
the asymmetry method was set at 71 to match the longest possible duration of active 
motion.  
 The thresholds for all three methods were determined from Brownian simulation. 
100 Brownian trajectories of N=1000 frames with 20 fps were simulated for diffusion 
coefficient D = 0.001µm2 s-1. The trajectories compose of steps with a uniform 
probability distribution for step direction and a exponential distribution with mean step 
length of 4D t∆ for step size. The threshold was defined for each parameter so that 99% 
of the simulated trajectories were classified as passive. The thresholds for speed 
correlation, asymmetry, slope of MSD and standard deviation of angle correlation are 
0.886, 1.25, 2 ± 0.4 and 1.1 respectively. We verified that the thresholds are sensitive to 
neither N nor D. A representative trajectory and its separation by all the methods can be 
found in Fig. 2.  
 
3.2 Comparison with other methods 
Comparing this method to three other methods in literature,  which we will refer 
to as asymmetry, persistence, and correlation  in subsequent discussions, on the dataset of 
endosomal transport of epidermal growth factor (EGF) in HeLa cells, we see statistically 
significant differences in the estimated characteristics of active motion (Fig. 3a-b). The 
different results painted very different pictures of active transport in cells; with the 
wavelet analysis indicating the endosomes spend almost 6 times more time in active 
motion compared to the other methods.  
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To know which picture is closer to the truth, 10 representative trajectories of a 
total of 16,800 frames were inspected manually to pick out the active frames. Wavelet 
analysis is much closer to the manual result than the other methods (Fig. 3c). Next, the 
nature of the passive and active portion of the trajectories found by each method was 
tested (Fig. 3d and Fig. 4). While the active component found by each method is super-
diffusive, only the net drift criterion has all its passive motion being diffusive or sub-
diffusive. This shows that the other methods are bias towards passive motion. A key 
reason for the bias is the thresholds used to distinguish active and passive motion. The 
thresholds are set by Brownian motion simulation which cannot take into account the 
measurement time scale and the same thresholds are used for all trajectories.   
3.3 Comparing different conditions 
Next, focusing on the result obtained from wavelet analysis, four key parameters 
that characterizing the active motion: average speed, fraction of time spent in active state, 
average duration of active and passive motion, were calculated for ten different 
conditions: EGF in HeLa, Marc and DU145 cell lines, lysosomal-associated membrane 
protein 1 (LAMP1) and low-density lipoprotein (LDL) in HeLa, EGF in HeLa with 
microtubule associated proteins (MAP4+), histone deacetylase inhibitor  trichostatin A 
(TSA), rho-associated coil kinase inhibitor Y27632, cytoskeletal inhibitor Latrunculin 
A( LatA), and actin-disruption agent cytochalasin D (CytoD) treatment  (results in Fig. 5 
and Table 1-4).  
An important question in intracellular transport is what determines the duration of 
active motion Aτ . The distribution of Aτ found by the wavelet analysis follows gamma 
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distribution, while the distributions found by the other method exhibit exponential or 
power law characteristic (Fig. 6b). While exponential distribution is expected for a single 
motor with first-order unbinding kinetics, cargoes are frequently being transported by 
varying number of cooperative motors and the distribution of unbinding times should 
therefore be a sum of exponentials.8 From the comparison with manual selection, we 
have already seen that the other methods tend to miss or find only portions of complete 
active runs and this explains the large number of short runs that resembles a power law 
distribution.  
Two regulatory candidates for active motion, microtubule modification and 
processivity of molecular motors, show the most interesting results. Overexpressing 
MAP4, which induces more frequent disengagement of motors,  reduces the duration of 
active motion as expected; however,  surprisingly, TSA, which was thought to enhance 
motor processivity, did not lead to longer active durations (Fig. 6a).  
 
3.4 Materials and methods 
Materials  
HeLa cells (ATCC) and Marc-145 cells were grown in Dulbecco's modified Eagle 
medium (DMEM), and DU145 cells (ATCC) were maintained in minimum essential 
medium (MEM). Both media were supplemented with 10% fetal bovine serum (FBS) and 
penicillin-streptomycin (100 U/mL and 50 µg/mL). To fluorescently label specific 
populations of endosomes, either 0.15 µg/mL biotinylated EGF complexed to Alexa-555 
streptavidin or 10 µg/mL DiI conjugated LDL (Invitrogen) was applied to cells for 20 
min and removed by washing with PBS.  To label late endosomes, cells were transiently 
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transfected with LAMP1 fused to tagRFP (Invitrogen).  To confirm that the active 
transport was along microtubules, 5 µg/mL nocodazole was supplemented in the medium 
and no active transport was observed afterwards.  To increase the level of microtubule 
acetylation, 5 µM trichostatin A (TSA) inhibiting HDAC6 activity was added 60 min 
before imaging.9 For experiments on cytoskeleton reorganization, 50 µM Y-27632 was 
applied to cells 30 min before imaging.  All drugs were obtained from Sigma-Aldrich.  
Overexpression of microtubule-associated protein 4 (MAP4) was achieved by transient 
transfection of MAP4 fused to Emerald GFP (Invitrogen).  Cells with bright green 
fluorescence, indicating MAP4 expression at high level, were chosen for imaging. 
 The labeling approaches were carefully selected and optimized to satisfy two 
stringent criteria.  First, we required specific labeling of organelles whose fate within the 
cell is known.  Second, the labeling must be highly specific and present bright and stable 
fluorescent spots with average organelle separation larger than 3 µm, so as to allow 
position information to be extracted below the optical diffraction limit, < 5 nm using the 
methods described below. 
 
Imaging and tracking 
We implemented methods of highly inclined illumination optical (HILO) 
geometry with the laser beam inclined and laminated as a thin optical sheet with 
thickness of ~1 µm into the cells.10  This avoided possible artifacts of two-dimensional 
projection while at the same time allowing us to locate the centers of endosomes.   
For imaging, cells were plated onto growth dishes with collagen-coated glass 
coverslip bottoms (MatTek) and allowed to adhere and spread overnight.  Live cells were 
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imaged in phenol-red free OPTI-MEM medium (Invitrogen) supplemented with 4% fetal 
bovine serum (FBS), a medium empirically found to reduce the background and prolong 
photostability of fluorescent molecules. The imaging was carried out on a homebuilt 
microscope with objective-based total internal reflection geometry, using an α-Plan Fluor 
100×, NA = 1.45 oil immersion objective (Zeiss).  The microscope was equipped with 
diode-pumped crystal lasers (CrystaLaser) as excitation sources.  Throughout the 
experiments, a miniature incubator (Bioscience Tools) mounted on the microscope stage 
allowed the temperature to be maintained at 37 °C and the ambient CO2 concentration at 
5%.  Cell viability on stage was confirmed for as long as a week. To avoid focal plane 
drifting, the objective was simultaneously heated and immersion oil with ultralow 
fluorescence standardized at 37 °C (Cargille) was used.  All movies were taken within 
~3h after labeling. 
Fluorescence images were collected through the objective and detected by a back-
illuminated electron multiplying charge-coupled device (EMCCD) camera (Andor  iXon 
DV-897 BV).  Typically, each movie lasted 4,000 frames at a frame rate of 20 fps.  This 
time scale is intentionally chosen to be longer than the molecular motor stepping time on 
microtubules (~1 ms) to filter out the expected noise due to fluctuations on the molecular 
level, since molecular steps are not the primary interest of this study. The movies were 
converted into digital format and analyzed using single-particle tracking programs, 
locating the center of each particle in each frame and stringing these positions together to 
form trajectories, using software written in-house.11  The tracking uncertainty is < 5 nm. 
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We focused on the basal side of the cells. No statistical difference in speed was 
detected between different positions.  To exclude possible artifacts from imperfect 
statistics, we only analyzed those trajectories longer than 15 s, which is 300 frames.  
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   CHAPTER 4 
Conclusions 
 
The performance of the method reported here to distinguish active transport form 
passive diffusion exceeds that of other methods tested here. Since it makes no 
assumptions about the physical nature of the active transport, the method is general, and 
is expected to be useful in analyzing other dynamic processes in the cell in which active 
motion driven by force is mixed with passive fluctuation.  When considering other 
systems, the analysis should be adjusted to the nature of the dynamics; for example, when 
passive motion is Fickian rather than the subdiffusive motion characteristic of the specific 
system described above. However, since passive motion mostly depends on local 
dynamic heterogeneities and is well-understood for most cases, the analysis can be easily 
adapted based on the scaling between displacement and time of the passive motion.  
This method allows large number of trajectories to be analyzed quickly and 
automatically and enough statistics can be accumulated to gain statistical confidence on 
the characterization of the active transport. Among the set of conditions tested, TSA, 
which was thought to enhance motor processivity, did not lead to longer active durations. 
It is therefore interesting to revisit the present set of regulatory components known to 
play critical roles in transport and accurately characterize the effects these regulatory 
components have on active motion using the method presented above to better understand 
the molecular regulatory mechanisms. 
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Figures and Tables 
 
 
Figure 1 | (a) Simulation result of the average drift in mean position as a function of window size 
for four different motions. The simulation is for a 1D random walker. Each condition is described 
by three parameters: (step size, direction persistence, and domain size). For each simulation, the 
random walker takes 1000 steps and the position of the random walker after each step is recorded. 
At each step, the probability of continuing in the current direction is determined by the direction 
persistence. Reflective boundary condition is used so that if the position is larger than the domain 
size after a certain step, the direction of the step is reversed. The simulation is repeated 1000 time 
for each condition and the average drift in mean position is calculated. Red dots, black squares, 
magenta circle, and blue stars are the simulation result for parameter sets (1, 0.5, ∞ ), (1, 0.6, ∞ ), 
(2, 0.5, ∞ ), and (1, 0.5, 5). Taking the first parameter set as the base case representing the 
simplest 1D Brownian motion, the following three cases represents a change in direction 
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persistence, speed, and environmental constraints, respectively. (b) A pictorial definition for drift 
in mean position (32, )d i . The green star is the center of the window and represents position i . 
The blue circles are the 16 positions before and after i . The red dots represent the average 
position of the 16 blue circles before and after i and the length of the red line equals to (32, )d i .  
(c) A representative 1D trajectory of an EGF-containing endosome in a living HeLa cell and (d) 
its Haar continuous time wavelet transform (CWT) are plotted versus time.  The vertical axis of 
(d) is window size L , ranging from 1 to 64 time steps. Red and blue colors correspond to positive 
and negative coefficients, respectively. A cross section at scale 2 and 32, corresponding to the 
magenta dash-dot and black dashed line in (d), is shown in (e).  Red dashed lines in (e) show the 
threshold calculated based on the values at scale 2 (magenta). When the values at scale 32 (black) 
are above the threshold, the periods are identified as active transport for this trajectory and are 
highlighted in red in (c).  
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Figure 2 | (a) A representative trajectory of EGF-containing endosome in HeLa cells, 
with color denoting the elapsed time. (b, c) x, y dimension of the trajectory with active 
and passive motion identified by wavelet based analysis colored in red and gray 
respectively. (d-i) quantity calculated by each method (blue): (d) speed correlation, (e) 
asymmetry, (f, g) persistence, and (h,i) wavelet and the threshold (red) set. 
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Figure 3 | (a,b) Box plot of active fraction and duration by different methods for the motion of 
EGF-containing endosomes in HeLa cells. (c) Comparison of each method with manual selection. 
Correlation, asymmetry, and persistence are short form for trajectory asymmetry, speed 
correlation and exponent of MSD respectively. Inner pie is the result of manual selection. Green 
represents active motion and orange represents passive motion. Center pie is the result of the 
respective method using the threshold recommended by each method. The outer pie is the result 
of the respective method with the thresholds relaxed so as to find at least 90% of the active 
motion identified manually. (d) Log-log plot of squared displacements versus time of the active 
(red) and passive (blue) components found by each method for a representative trajectory. Each 
line represents a continuous stretch of active or passive motion.  
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 Figure 4: Log-log plot of squared displacements versus time of the active component 
found by each method.  The power law scaling of the circles, averaged from raw data 
shown as gray lines, is compared to that of the solid black line of slope 2, which 
represents directed motion. 
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Figure 5 (cont. on next page) 
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Figure 5: Difference in active transport between different cell lines (a), proteins (b), with 
different microtubule (c) and cytoskeleton (d) treatment. Notation for p values: *, 
p>0.001; ***, p < 0.001. 
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Figure 6: Box plots outlines the distributions of the fraction of active transport, the 
average duration of active and passive motion, and the average speed of active motion. 
Upper and lower box edges and the line inside the box represent 75, 25, and 50 percentile 
of the data. Upper and lower whiskers represent maximum and minimum of the data. 
Notation for p values: *, p>0.1; ***, p<0.001  (a) The effects of overexpressing MAP4 
and adding TSA on the transport of EGF-containing endosomes in HeLa cells 
characterized by wavelet analysis. (b) Histogram for the duration of active motion. Red 
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line represents the best fit for each method identified with Akaike criteria, which are 
exponential, power law, power law, and gamma respectively.  
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Table 1. Difference in active transport between different cell lines 
 
EGF/HeLa 
 
Lamp1/HeLa 
p 
LDL/HeLa 
p 
Vactive (µm/s) 
 
0.46 
 
0.87 
0 
0.46 
0.098 
Factive 
 
0.29 
 
0.13 
1.3e-248 
0.32 
2.7e-12 
Tactive  (s) 
 
0.99 
 
0.97 
0.0084 
1.02 
5.1e-6 
Tpassive (s) 
 
2.59 
 
6.34 
0 
2.41 
3.1e-8 
 
Table 2. Difference in active transport between different proteins 
 
EGF/HeLa 
 
EGF/Marc 
p 
EGF/DU145 
p 
Vactive (µm/s) 
 
0.46 
 
0.61 
0 
0.49 
2.5e-53 
Factive 
 
0.29 
 
0.27 
2.7e-4 
0.30 
0.028 
Tactive  (s) 
 
0.99 
 
1.05 
1.8e-11 
1.16 
5.1e-126 
Tpassive (s) 
 
2.59 
 
2.95 
3.5e-13 
2.79 
6.4e-8 
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Table 3. Difference in active transport between different microtubule treatment 
 
EGF/HeLa 
 
MAP4/HeLa 
p 
TSA/HeLa 
p 
Y27632/HeLa 
p 
Vactive (µm/s) 
 
0.46 
 
0.48 
0.0033 
0.61 
0 
0.58 
0 
Factive 
 
0.29 
 
0.19 
6.1e-95 
0.29 
0.76 
0.25 
5.5e-12 
Tactive  (s) 
 
0.99 
 
0.89 
9.2e-49 
0.98 
0.039 
1.00 
0.92 
Tpassive (s) 
 
2.59 
 
4.04 
3.4e-146 
2.61 
0.49 
3.20 
2.3e-29 
 
Table 4. Difference in active transport between different cytoskeleton treatment 
 
EGF/HeLa 
 
LatA/HeLa 
p 
CytoD_HeLa 
p 
Vactive (µm/s) 
 
0.46 
 
0.59 
0 
0.49 
1.2e-50 
Factive 
 
0.29 
 
0.26 
6.4e-11 
0.19 
1.0e-71 
Tactive  (s) 
 
0.99 
 
1.00 
0.13 
0.92 
4.9e-20 
Tpassive (s) 
 
2.59 
 
3.37 
1.8e-51 
4.29 
1.8e-149 
 
 
 27 
 
References 
 
1. Vale, R. D., The molecular motor toolbox for intracellular transport. Cell 2003, 
112, 467-480. 
2. Mueller, M. J. I.; Klumpp, S.; Lipowsky, R., Tug-of-war as a cooperative 
mechanism for bidirectional cargo transport by molecular motors. Proceedings of the 
National Academy of Sciences of the United States of America 2008, 105, 4609-4614. 
3. Arcizet, D.; Meier, B.; Sackmann, E.; Raedler, J. O.; Heinrich, D., Temporal 
Analysis of Active and Passive Transport in Living Cells. Physical Review Letters 2008, 
101. 
4. Bouzigues, C.; Dahan, M., Transient directed motions of GABA(A) receptors in 
growth cones detected by a speed correlation index. Biophysical Journal 2007, 92. 
5. Huet, S.; Karatekin, E.; Tran, V. S.; Fanget, I.; Cribier, S.; Henry, J.-P., Analysis 
of transient behavior in complex trajectories: Application to secretory vesicle dynamics. 
Biophysical Journal 2006, 91. 
6. Mallat, S., A Wavelet Tour of Signal Processing. Elsevier Science: 1999. 
7. Percival, D. B.; Walden, A. T., Wavelet Methods for Time Series Analysis. 
Cambridge University Press: 2006. 
8. Klumpp, S.; Lipowsky, R., Cooperative cargo transport by several molecular 
motors. Proceedings of the National Academy of Sciences of the United States of America 
2005, 102. 
 28 
 
9. Tokesi, N.; Lehotzky, A.; Horvath, I.; Szabo, B.; Olah, J.; Lau, P.; Ovadi, J., 
TPPP/p25 Promotes Tubulin Acetylation by Inhibiting Histone Deacetylase 6. Journal of 
Biological Chemistry 2010, 285, 17896-17906. 
10. Tokunaga, M.; Imamoto, N.; Sakata-Sogawa, K., Highly inclined thin 
illumination enables clear single-molecule imaging in cells. Nature Methods 2008, 5, 
159-161. 
11. Anthony, S.; Zhang, L. F.; Granick, S., Methods to track single-molecule 
trajectories. Langmuir 2006, 22, 5266-5272. 
 
